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1.

Introduction
Increased competition in the financial service industry has meant that the retention of existing customers has significantly become more important, especially due to the potential impact on revenues. Customer retention has also been increasingly of interest to academic researchers especially in areas of risk assessment and customer behavior, including customer attrition and attraction (Ganesh et al. 2000; Glady et al. 2008) . Financial service firms that lose existing customers and have to seek new customers incur more expense than those that retain their customers, not to mention the associated risks involved in taking on new customers (Verbeke et al. 2012) . Studies have shown that various sources of information can be used for monitoring financial customer behavior in order to facilitate customer-centric processes (Lessmann and Vob 2009 ). Dekimpe and Degraeve (1997) identify that customer demographics are associated with attrition behaviour. Athanassopoulos (2000) and Buckinx and Van den Poel (2005) provide evidence that product-specific features have significant impacts on customer attrition. In addition to studying the impact of customer demographic and product-specific features, Van den Poel and Lariviere (2004) also investigate customer attrition behaviour changes under different macroeconomic environment. Bose and Chen (2009) provide an excellent review on types of data used in quantitative models for customers' behaviour research. Thomas (2010) draws attention to many of the challenges for research in customer behaviour finance, including a lack of focus and integration of marketing information on the behavior of financial customers. Chen et al (2012) further point out that customer behaviour is dynamic and the relation evolves overtime. As a result, an essential part of customer relation should be based on customer lifetime value. However, these studies generally attempt to use directly observable information to identify and explain customer attrition behavior.
They do not consider the importance of derived information that can help the financial service industry understand and predict customers' attrition behavior in a variety of other ways. Blochlinger and Leippold (2006) show that informationally privileged financial services firms have competitive advantages over other financial firms.
Based on a classical orthogonal polynomial approximation approach, this paper derives indirectly observable information from a unique panel dataset, which records the value of the financial policy holdings history for each customer on a monthly basis. We simultaneously consider the customer attrition process and the customer relations established during the initial process of setting up the financial policy. This broader approach allows us to examine the relations between the two processes and accommodate unobservable heterogeneity. The derived information can provide financial firms with special insights for understanding customer attrition behavior. To our knowledge this paper is the first to examine whether derived information can be exploited by systematically analyzing customer financial behavior. It shifts the focus of the issue from one using directly observable information to one in which derived information can also provide valuable information for the estimation and prediction. This shift is in accord with the study of customer behavior, where behavioral factors affect the probability of customer attrition.
The results show that, in addition to directly observable information, the derived information can explain customer attrition behavior and detect triggers for attrition. Both of these sources of information form essential elements in understanding customer behavioral attrition with financial firms. The findings of this study further point to the benefits of incorporating derived information to improve the precision of customer attrition prediction.
Specifically, the explanatory variables derivable from fluctuations in the value of the financial policy holding can contribute to the attrition probability prediction. One possible explanation for this is that after customers initially set up relations with a financial firm, their attrition behaviour is dynamic and subject to many ongoing factors, such as the external economic environment or various personal reasons. Personal reasons can motivate customers to change the value of their financial policy holdings. Such changes could provide useful information for financial firms to infer customers' attrition behavior. Financial service firms seeking to use relevant information more efficiently will therefore find the results interesting.
The empirical results also suggest significant correlation between financial policy purchasing and attrition processes.
The rest of the paper is as follows. In Section 2 we discuss the research questions.
Section 3 presents the data description and the variables used to estimate the model. This section demonstrates the method of deriving certain factors used as explanatory variables in the model. Section 4 outlines the specification and estimation of the probit-continuous hazard multi-process model. Section 5 presents the empirical results and a discussion of these findings. Section 6 provides the overall model fit tests and the comparison of predictive power of the models with and without the derived information. Section 7 presents concluding remarks and the implications of the findings.
Research questions
The general question to be addressed in this study is to investigate the relation between various factors and customer attrition and, in particular, whether or not derived information can explain customer attrition behaviour. Our first set of hypotheses are based Based on this previous empirical evidence we formalize our investigation of the impact of customer demographics on attrition in the following hypotheses:
Hypothesis 1a: There is a positive relation between male customer and attrition behaviour.
Hypothesis 1b:
There is a negative relation between customer age and attrition behaviour.
Hypothesis 1c:
There is a negative relation between the customer marital status and attrition behaviour.
Hypothesis 1d:
There is a relation between customer financial status and attrition behaviour.
Hypothesis 1e:
There is a relation between customer country origin and attrition behaviour.
Our second hypothesis also follow those proposed by Van den Poel and Lariviere (2004) as we consider the impact of macroeconomic conditions, including UK stock market performance, house market performance, interest rate, and customer confidence on customer attrition. Prior research has shown that the conditions of external economic environment can have strong and statistically significant effects on customer financial decisions. Van den Poel and Lariviere (2004) point out that customers experience more switching tendencies in a favorable macro-economic environment. Thomas et al. (2005) find that customers are more likely to purchase financial policy products with the rise of stock market and housing market. Tang et al. (2007) further show that external economic environment can significantly impact customers' subsequent financial policy product purchase behaviours. Following this evidence we expect that the macroeconomic variables can influence the aspect of customer attrition behaviour.
Hypothesis 2:
There is a relation between customer attrition behaviour with macroeconomic conditions.
Our third hypothesis is our main contribution to the literature as it investigates the effects of derived information about customer financial policy values on customers' attrition behaviour. Derived information is created though the approach of orthogonal polynomial approximation (see section 3.2 for details). Though the impact of derived information has rarely been investigated in previous customer attrition literature, we feel that such derived information can be related to customer perception variables. Van den Poel and Lariviere (2004) provide an excellent review on the impact of customer perception predictors on attrition such as company versus competitors performance, customer overall satisfaction (Keaveney 1995; Bolton et al. 2000) and service quality (Athanassopoulos, 2000) . These empirical studies find a significant decline in customer attrition for firms with better performance and service quality. Thus we expect that financial firms delivering higher values for financial policies will tend to reduce the likelihood of customer attrition. Table 2 presents all of the variables used in the analysis. Table 2 
The statistical model of attrition
This section presents the statistical model for joint estimating the policy purchasing and attrition processes. In order to simultaneously estimate the financial policy purchasing and customer attrition processes, this paper applies the following joint probit model (Equation (1)) and continuous hazard model (Equation (2)) to govern the two processes respectively.
That is
where variable j d is a dummy variable that is set to 1 if the j th investment related policy is purchased; * j d is the unobservable utility as perceived only by the customer.
is the conditional log-hazard of attrition at time t, representing the time duration since the start of the policy. T(t) in equation (2) designates the base-line log-hazard pattern which is approximated by the piecewise-linear Gompertz with three nodes in this study. X denotes the set of social-demographic measures of the customer. Y(t) in equation (2) represents time-varying economic variables whose values change at discrete times in spell and constant over the span between those changes. t Y in equation (1) is the economic variable value vector when a customer purchases a financial policy product. The orthogonal polynomial approximation vector for derived information is given by Z. Control variables X, Y(t), and Z represent three different information contents which are to be investigated for customer attrition process. The random residuals  and  , capturing the unobservable heterogeneity, are assumed to have a bi-variate normal distribution with zero mean and variance-covariance matrix to be estimated as
where is the correlation coefficient between the unobservable heterogeneity terms of the two processes. The hazard rate of attrition, given by equation (2), is a function of socialdemographic variables X, time-varying macro-economic variables Y, and derived variables Z.
Thus, each group of variables provides insights about the directly observable 'static', 'dynamic' and unobservable derived information, respectively. In addition, including component d in equation (2), allows us to analyze the impact of the kind of purchased policy on the risk of attrition.
After estimating relevant parameters, we can calculate the predicted survival probability for each customer in the holdout sample. The analysis applies the Nelson-Aalen estimate of the baseline cumulative hazard function. Collett ( (2003), p.257-258, eq.8.3 and eq.8.5) provides details of the calculations. Considering there are n customers, among whom there are r distinct attrition times and r n  right-censored survival times. Then the base cumulative hazard function for 
Estimation results
Approximately 70 percent from the whole dataset, drawn randomly, forms the training sample for model estimation. The remainder forms the holdout validation set used to further refine and examine the accuracy of the model. The training dataset provides the data for estimating the model while the holdout dataset provides the data for comparing the predicting performance with and without the derived information. Table 3 presents the joint maximum likelihood estimates for the joint probit-hazard multi-process models with and without derived information using aML (Lillard and Panis, 2003) . In Table 3 , Panel I reports the coefficient estimates for the policy purchasing and customer attrition processes. Panel II presents the results for heterogeneity and correlation coefficient components. Table 3 here The coefficients for the baseline log-hazard are all statistically significant in all periods. The attrition risk of the first 12 months rises (slope 1 = .08), it continues to rise further and more sharply (slope 2 = .11) reaching a maximum at about 18 th month. Then the attrition rate decreases until the 24 th month (slope 3 = -.13). However after two years, the attrition rate again rises sharply (slope 4 = .23). The estimation results indicate that the probability of purchasing investment policies and the risk of attrition are affected by socialdemographic variables. The dummy variable for gender, male, is significantly positive for customer duration processes (.14). This suggests that male customers have a 15% (exp(.14)- with a higher probability of purchasing investment policies also tend to have higher risks of attrition. A key advantage, therefore, of the joint estimation approach is that it can control the potential problem of endogeneity such as that noted by Boyes and Low (1989) . Another advantage is that it can easily accommodate the unobservable heterogeneity that affects both policy purchase and attrition processes. suggests that there is substantial unobservable heterogeneity in the risk of attrition after allowing for both observable and derived covariates. Since the estimates are consistent both with derived information and without derived information, the following discussion limits itself to the effects of the variables in the model with derived information.
The main objective in deriving information from the value of financial policy holdings is to evaluate customers' attrition to the firm. Some customers re-invest the income generated from the policies each month. The value of these policies will therefore change month on month. This could be a reflection of customers slightly increasing their attrition behaviour to the firm. On the other hand, if the value of policy holdings changes quite considerably, this is likely to be as a result of customers increasing/decreasing their premiums (when customers stop paying premiums, their policy holdings will drop to zero and the relation with the firm is terminated The absolute level effect on the risk of attrition is significantly negative at any reasonable level (-.65 with a t-value of being -3.5). This implies that the higher the customer's absolute value of policy holdings, the less likely he or she is to terminate the relation with the firm. A higher value of policy holdings means that the customer puts more money into the policy he or she purchased. This usually suggests that the customer expects that the return for the customer will rise with the rise in value of the policy held. Thus the risk of terminating the relation with the firm declines.
The linear effect of holdings is divided into two parts: linear trend up and linear trend down (see definitions at the end of section 3). The coefficient for the increasing linear component is significantly negative at 1% level (-1.87 with a t-value of -18.1). This indicates an inverse relation exists between the risk of attrition and the increase in value of policy holdings. The reason why policy holdings increase linearly is that the customer puts money into the policy regularly and purchases a set amount of holdings, suggesting that the customer commits more to the firm as the holdings increase. As a result, the customer's holdings increase irrespective of the movements in the market. It should be noted that the value here refers to real holdings that exclude the market effects of fluctuating fund values.
Surprisingly, decreasing holdings also reduce the risk of attrition (-.43 with a t-value of -5.20). The most likely reason for decreasing policy holdings is that the customer takes out a regular fixed income from the policy. For example, a customer could take fixed funds out of the investment each month (e.g. £500) to use as a regular income. As a result, although the value of holdings declines at a constant rate, this is not an indication of decreasing customer commitment to the firm.
Policy holders can decide the rate at which they increase or decrease the premiums of their policy holdings. By calculating higher order orthogonal components, the analysis captures dramatic increases and decreases in premiums. The nonlinear quadratic down component is significantly positive at 5% level (12.95 with a t-value of 2.28) while the quadratic up and cubic down components are statically insignificant but have expected signs.
This suggests that if a customer takes out income from the policy at a rate which exceeds the rate at which the policy is growing or reduces premiums dramatically, the risk of attrition increases significantly such that the customer will soon terminate the relation with the firm.
The cubic up component is also statistically significant (-4.64 with a t-value of -2.52), suggesting the risk of attrition declines as the value of the holdings rises at a higher 6.
Comparison of predictive performance
To assess the overall model fit, the analysis conducts in-sample tests comparing the model with derived information to the nested model without derived information by applying log-likelihood ratio test. A log-likelihood ratio test shows that the model incorporating derived components outperforms the model with only demographic and economic covariates.
This suggests that the derived information plays an important role in explaining the probability of customer attritions (LL = -36347.78 with derived information and LL = -36687.00 without derived information, 678 2   , degree of freedom = 7, p < .01).
Making predictions is one of the fundamental objectives for financial service industry (Neslin et al. 2006) . To further validate the results, this section assesses the importance of incorporating this information by comparing the predictive power of the models with and without the derived information. First, the analysis includes calculating predicted survival probabilities for each customer in the holdout sample using the estimated coefficients for the models with derived components and the model without derived information from Table 2 .
In the analysis this study uses all but the last observation for each customer to calculate predicted survival probabilities for next month.
Finally the analysis ranks customers in ascending predicted survival probabilities.
Customers with lower predicted survival probabilities are more likely to terminate the relation with the firm for the specified time period. The model without derived information in general correctly predicts 62.47% (2,206 out of 3,531) terminating customers. The model with derived information correctly predicts 64.37% (2,273 out of 3,531) terminating customers, suggesting it has a 1.90% better prediction rate than the model without derived information. This difference is economically significant for financial institutions considering the potential number of customers, which not only lead to a substantial increase in profits but also provide competition advantage for those institutions that retain customers better. The cut-off for classifying terminating and continuing customers is the ex-post proportion of attrition in the holdout sample (3,531/7,498 = .47 the hazard rate). The hazard rate model with derived information predicts only marginally better than the one without derived information. However, an accurate assessment of the probability of attrition in retail sale can
give a financial firm a considerable competitive advantage over other firms. Even a small improvement of predicting the probability of attrition could bring financial service firms substantial increases in profits (Blochlinger and Leippold, 2006 ).
The forecasting power of derived information in distinguishing between low and high attrition risk customers can also be estimated by using the Receiver-Operator Characteristic (ROC) analysis. The ROC curve is a plot of true positive rate, tp, (i.e., the number of known survivors classified as survivors over total number of known true survivors) on the x-axis versus false positive rate, fp, (i.e., the number of known attritions classified as survivors over total number of true attritions) on the y-axis for all possible values of decision thresholds. We first sort the predicted survival probability for each customer in the holdout sample in ascending order. The actual dummy attrition indicator (i.e., ) 0 ; 1   attrition survivor is then sorted accordingly for each customer. The ROC curve is independent from the decision thresholds and the further the curve away from the 45-degree diagonal, the higher the predictive power.
In order to examine the consistency of the model's performance, we further conduct nonparametric bootstrap simulation to explore whether the higher predictive power using derived information arises by fortunate selection of the training and validation data sets. Efron (1981) introduces an algorithm in which the non-parametric bootstrap analysis is used for censored data. The non-parametric bootstrap is a simulation where we resample with replacement from the original sample. Specifically, the bootstrap simulation procedure is conducted as follows:
i. Based on the original data provided by the insurance company, we sample with replacement form the original data to get a new bootstrap sample. Thus, some customers will be selected more than once in this new sample or perhaps not at all.
ii. We then randomly split of the new bootstrap sample into new training and new validation data.
iii. The new training sample is then used to estimate the hazard model for both models with derived components and the model without derived information. With the relevant estimated coefficients we calculate bootstrap predicted survival probabilities for each customer in the new validation data. Using the bootstrap replicates of predictive survival probabilities, we then calculate the area under the ROC curves (AUC), which is a commonly used summary measure of predicting effectiveness.
The value for the area under the ROC curve closing to 1 indicating perfect predicting effectiveness and 0.5 indicating the same accuracy as random guess.
iv. Replicating steps i through iv 1000 times. It has been proposed that simpler logistic or probit model can achieve similar predictive performance to complex models such as hazard model (Lee and Urrutia 1996) .
This leads us to a further demonstrate the added value of derived information on simple logistic model (Occam's razor). We conduct the bootstrap simulation from step i to iv except that the third step is for logistic model rather than for hazard model. However, it should be noted that time-dependent macro-economic variables cannot be estimated for logistic model while hazard model can handle time-dependent variables easily which is an advantage of over logistic model. Another advantage of hazard model is that it can take into account of censoring variables. The ROC curve for logistic model with and without derived information is presented in Figure 3 . 
Conclusion
The value of customer has been widely recognised in terms of financial planning and efficient resource allocation. Customers are increasingly mobile and ever-more demanding.
Understanding customer attrition behaviour has been the subject of considerable prior research; most research focus on using directly observable and commonly used information such as geographic, demographic and macroeconomic variables. This paper has demonstrated the value of derived information. The results of the study have implications for researchers in two broad areas. First, they provide evidence of the need to take customers' financial behaviour into account when attempting to investigate and predict customer attrition. While demographic and external economic environment can certainly affect customer attrition behaviour, it seems that in mature markets such as the one we examined, customer attrition behaviour is also driven by the customer's own experiences of the value of financial products.
The second area of implication for researchers relates to the study's contribution to the introduction of a statistical approach for deriving certain behavioral factors which measure customers' attrition behaviour to financial firms. This approach expands traditional views on the use of information in customer attrition and could be applied to areas of finance in which efficient use of information is involved, such as the subject of behavioral finance. In that context, the statistical techniques applied in this paper have been seen to be useful, and their application to the study of the behavior of financial customers and the subsequent effect on financial markets will be rewarding.
The findings of the study also have implications for financial services industry which is competing intensely for opportunities for financial product sales and customer loyalty. In addition to capturing customers' financial behavior changes, our findings clearly show that derived information can achieve nominally small but managerially meaningful increases in predictive accuracy. This suggests that customer behavior is a good source of information about their priorities, needs, and experiences. Therefore, financial firms should manage customer experience and collect more relevant information on the financial behaviour of customers for analysis if they desire to have a competitive advantage over other financial firms and increase the value of customers. Customer attrition can have a significant impact on profitability for financial firms. If derived information indicates that a customer might leave, financial firms are able to implement meaningful retention strategies and extend customers'
lifespan by creating or offering new financial products with a focus on customer experience, flexibility, and appropriate pricing.
The limitations of the study in respect of the relatively small sample and the focus on only one financial firm suggest that the findings here needed to be primarily seen as exploratory. Further research is suggested that using data from other financial firms can generalize and strengthen our knowledge of derived information on customer attrition.
Another area of interest concerns the contagion of customers' attrition decision. Analysis of this issue is beyond the scope of this paper, but this is an area for further research that would have clear managerial implications. The financial policy product market examined in this study is a mature market. Customers do not leave the market altogether but simply follow others to switch to competitors. Therefore, it might be worthwhile to collect this type of behaviour information. ). This study also normalizes each f i so that its leading term is simply t i . a 1 is the slope of the least squares regression line constrained to pass through
a 2 measures the holding curve curvature and a 3 measures the change in curvature. Thus, the values of a 1, a 2, and a 3 can be used to gauge customers' attrition to the financial firm. We illustrate the unit holding values, linear trend, quadratic and cubic approximations for a randomly chosen customer in Figure 4 . Note we scale the times so that , then choose the a i to minimize
where G(F) is the roughness penalty and is some constant of proportionality. Here let G(F) equal to the area of F above u max = max u(i) and below u min = min u(i). That is,
In addition, the approximation incorporates two refinements of the parameter set based on our understanding of how holdings behave in practice. Since high value holdings change by larger amounts than low values, the relative size is thus more important than the absolute size of any change. Consequently, before calculating parameters a 1 , a 2 , a 3 , the holding curve 
